I. Introduction
Vietnam enjoyed high rates of economic growth in the 1990's. One consequence of this growth was a remarkable decrease in the rate of poverty, from 58% of the population in 1992 -93 to 37% in 1997 -98 (General Statistical Office, 2000 . Yet over the same time period inequality rose; the Gini coefficient of inequality for consumption expenditures increased from 0.330 to 0.354. (In this paper we focus on consumption expenditures instead of income because expenditure data are, in general, more accurate; see Deaton and Grosh, 2000.) This suggests that wealthier Vietnamese households experienced greater increases in per capita consumption expenditures than did poorer households. Indeed, the per capita expenditures of the poorest 20% of the population was 854 thousand Dong in 1992 Dong in -93 and 1099 Dong in in 1997 Dong in -98 (both in 1998 , which implies an increase of 29%, while the analogous figures for the wealthiest 20% of the population were 3911 and 6032, implying an increase of 54%.
Yet the above picture depicting the consumption expenditures of the rich as growing at a much faster rate than the consumption expenditures of the poor is somewhat misleading. It is very unlikely that all of the households that were in the poorest 20% of the population in 1992-93 were again in the poorest 20% in 1997-98; some of them may have moved up into wealthier groups. This implies that if one looks at the same households in both years the households that were in the poorest 20% in 1992-93 experienced a gain in consumption expenditures greater than 29%. Similarly, some of the households that were in the top 20% in 1992-93 almost certainly were no longer in that category by 1997-98, so that looking at the same households would show growth in consumption expenditures of less than 54% among the wealthiest 20%.
The extent to which this movement of households' relative positions in the distribution of consumption expenditures tempers the above picture is an important policy question. Another way to think about this issue is note that the long-run distribution of consumption expenditures (and also of income) is more equally distributed than the short-run distribution if some individuals or household s are poor in some years while others are poor in other years. Such economic mobility is a crucial aspect of the distribution of consumption expenditures, and how that distribution changes over time; this paper examines economic mobility in Vietnam in the 1990s.
Economic mobility is measured by comparing the incomes or expenditures of individuals or households over time. In practice, data are needed from a household survey that follows the same individuals or households over time. Recent examples of such studies are Fields and Ok (1999a) , Gardiner and Hills (1999) , Gottschalk (1997) and Maasoumi and Trede, 2001) . A serious problem with any empirical work on economic mobility is that household income, and household expenditure, is likely to be measured with a large amount of error. This measurement error exaggerates the amount of inequality at a given point in time and also exaggerates the degree of economic mobility. This paper uses estimation methods that minimize the bias caused by measurement error. It begins with a brief discussion of the measurement of economic mobility, and then shows how bias due to measurement error can be overcome in measures of mobility based on correlation of (functions of) individual or household income (or expenditure) over time. It then applies this method to a large panel data set from Vietnam, and finds that at least one half of measured mobility is due to measurement error.
II. Economic Mobility: Concepts and Measurement
Economic mobility focuses on changes in an individual's or household's income over time.
1 Yet the term "mobility" is often used in different ways. For example, an economy experiencing high economic growth that raises the incomes of all members may be characterized as having a large degree of mobility because everyone's income is increasing. However, there may be little change individuals' income shares at each point in time, so that people do not change their relative position in the distribution of income.
In contrast, this paper is interested in mobility in terms of its potential to reduce inequality in the distribution of long-run income, which implies a focus on changes over time in the relative position of individuals or households in the distribution of income.
This concept of mobility is often referred to as relative mobility.
The most common relative mobility measures are those based on correlation of functions of the income variable. Let y 1 be the distribution of income in time period 1 and let y 2 be the distribution of income for the same households or individuals in time period 2. The simplest mobility measure can be defined as 1 -ρ(y 1 , y 2 ), where ρ(y 1 , y 2 )
is the correlation coefficient of y 1 and y 2 . (The correlation coefficient is the covariance of y 1 and y 2 divided by the standard deviation of y 1 and the standard deviations of y 2 .) If incomes shares do not change at all between the two time periods, then y 1 and y 2 are perfectly correlated, so that ρ(y 1 , y 2 ) = 1 and the above mobility measure will be zero, signifying no mobility. In contrast, if y 1 and y 2 are completely uncorrelated, so that any given household's income in the first time period has no relationship at all to its income in the second time period, then ρ(y 1 , y 2 ) = 0 and the above mobility measure equals one, which can be thought of as "full" mobility.
Mobility measures based on the correlation coefficient range from 0 (no mobility) to 1 (full mobility); in almost data from any country, mobility will be somewhere between these two extremes. 2 In fact, this approach to measuring mobility can be generalized to include correlation between (monotonic) transformations of the income variable at two points in time. For example, instead of examining the correlation between y 1 and y 2 one could used the correlation of the rank of y 1 and y 2 , where the rank is one for the poorest person, two for the second poorest person, and so forth. Other mobility measures have been proposed using other transformations; for example the Hart (1981) index uses the correlation of the loga rithm of y 1 and y 2 . In this paper several transformations will be used to check the robustness of the findings. All of these mobility measures satisfy fundamental properties that a mobility index should have (see Glewwe, 2001 , for details).
All mobility measures suffer from a serious problem; they exaggerate the extent of economic mobility when the income variable is measured with error. To see this problem, note that empirical studies of economic mobility typically use data from household surveys, which collect data on households' incomes and/or expenditures.
Anyone who has observed how such data are collected understands that these variables
are measured with error, in some cases with a large amount of error (see Deaton, 1997, and Deaton and . By definition, virtually any measure of mobility will overestimate true mobility because fluctuations in measured income that are purely due to measurement error are mistakenly interpreted as actual income fluctuations. The simplest example of this is the case of no mobility at all. By definition, actual mobility should be zero, but random measurement error in the data will show some (spurious) mobility and thus will increase measured mobility, exaggerating the extent of actual mobility.
This can be demonstrated more formally with mobility measures that are based on the correlation of functions of the income variable. Let m(y 1 , y 2 ) denote the simplest type of such a mobility measure; that is, m(y 1 , y 2 ) = 1 -ρ(y 1 , y 2 ). The correlation coefficient is 
where σ y1,y2 indicates covariance and σ y1 and σ y2 indicate standard deviations.
If the measurement errors in the two time periods are uncorrelated with each other, ρ(y 1 , y 2 ) in equation (1) will be underestimated, implying that mobility (which equals 1 -ρ(y 1 , y 2 )) will be overestimated. More specifically, if random errors are added to y 1 and y 2 , the numerator in equation (1) 
where ρ me (y 1 , y 2 ) is the observed correlation when measurement error is present and e 1 and e 2 are the random errors added to y 1 and y 2 , respectively. Intuitively, these random errors add "noise" to y 1 and y 2 . The larger the amount of noise, the less correlated will be y 1 and y 2 , moving ρ(y 1 , y 2 ) closer to zero and increasing m(y 1 , y 2 ).
Fortunately, there is a simple way to estimate ρ(y 1 , y 2 ) that avoids measurement error bias. 3 All one needs are instrumental variables that are correlated with y 1 and y 2 but uncorrelated with e 1 and e 2 . To see this, recall that in a simple ordinary least squares (OLS) regression of a variable x 1 on a constant term and one other variable, call it x 2 , the estimated coefficient for x 2 , call it b 1LS , has a probability limit (plim) equal to σ x1,x2 /σ 2 x2 .
Similarly, a regression of x 2 on x 1 produces an estimated coefficient, call it b 2LS , that has a plim equal to σ x1,x2 /σ 2 x1 . Thus, to estimate the correlation coefficient ρ between y 1 and y 2 one can regress y 1 on y 2 and y 2 on y 1 and then take the square root of the products of the associated coefficients:
where b 1LS is the coefficient from an (OLS0 regression of y 1 on y 2 and b 2LS is the coefficient from An (OLS) regression of y 2 on y 1 . Of course, if b 1LS and b 2LS are taken from simple OLS regressions, this estimate of ρ(y 1 , y 2 ) will still suffer from measurement error. However, one can use instrumental variables to correct for this measurement error (assuming credible instruments can be found) and then use the two b LS 's to obtain a consistent estimate of ρ(y 1 , y 2 ).
While this method to overcome bias due to measurement error works perfectly well in theory, finding suitable instrumental variables is not a simple task. Several problems that can arise. Consider estimation of ρ(y 1 , y 2 ) by means of instrumental variables (the same reasoning applies for correlation between transformations of y 1 and y 2 ). As explained above, if there were data on y 1 and y 2 without measurement error, one could consistently estimate ρ(y 1 , y 2 ) as the square root of the product of (the OLS estimates of) β 1 and β 2 from the following two regressions:
where asterisks denote variables that are measured without error. The u terms are, by definition, uncorrelated with the regressors in each equation. Unfortunately, one never observes y 1 * or y 2 *, but instead observes: y 1 = y 1 * + e 1 (6) y 2 = y 2 * + e 2 (7) where y 1 and y 2 denote observed values and e 1 and e 2 are measurement errors.
Substituting (6) and (7) into (4) and (5) gives the following relationships between observed variables: y 1 = α 1 + β 1 y 2 + u 1 + e 1 -β 1 e 2 (8) y 2 = α 2 + β 2 y 1 + u 2 + e 2 -β 2 e 1 (9)
For equation (8), an instrumental variable is needed that is correlated with y 2 * (and thus correlated with y 2 ) but uncorrelated with u 1 + e 1 -β 1 e 2 , and for equation (9) an instrument is needed that is correlated with y 1 * (and thus with y 1 ) but uncorrelated with u 2 + e 2 -β 2 e 1 .
Turn to the requirement that the instrument for y 1 , denoted as z 1 , must be uncorrelated with u 2 + e 2 -β 2 e 1 . Consider an instrument for household per capita income or expenditure that has some causal relationship, suc h as the education of the head of household or land or capital stock. The first stage equations for y 1 * and y 2 * are:
Even if such an instrumental variable is completely uncorrelated with the measurement error in e 1 and e 2 , one can show that z 1 is uncorrelated with u 1 only if β 1 δ 2 Cov(z 1 ,z 2 ) = δ 1 Var(z 1 ), where z 2 is the instrument for y 2 . This is extremely unlikely to hold, as explained in Glewwe, 2001 . A particularly interesting example is the case where z does not change over time, so that z 1 = z 2 ; one can show that using this instrument will always yield a correlation coefficient of unity between y 1 and y 2 (see Glewwe, 2001 ).
This problem with causal variables as instruments implies that one should use "repeated measurements" of y 1 and y 2 as instrumental variables. For example, one could treat income and expenditure as two separate measurements (with error) of an underlying "standard of living" variable. Thus one could use income as an instrument for expenditures, and vice versa. Glewwe (2001) shows that the estimated correlation coefficient does not depend on which one is the instrument and which one is the instrumented variable, and that this method provides unbiased estimates of the correlation coefficient if the measurement errors at the same point in time across the two measurements are uncorrelated (one must also assume that measurement errors are not correlated over time across the two different types of measurement). If the measurement errors are positively correlated between the two different measurements at one point in time, IV estimates will overestimate mobility; if they are negatively correlated IV estimates will underestimate mobility.
To make these issues more concrete, consider using income as an instrument for expenditures. This variable is constructed using different sections of the household questionnaire from Vietnam, so that random errors in recording data on the expenditure questions should have no effect on errors in recording data on the income questions.
However, one can imagine circumstances where observed income (or any "repeated measurement" variable) is positively correlated with measurement error in the expenditure variable. For example, suppose that some survey respondents are worried that the interviewer is a tax collector in disguise. These respondents may underreport both income and expenditures, so that the measurement errors in observed incomes are positively correlated with measurement errors in the expenditure data. Another scenario is an interviewer that wants to finish the interview quickly. He or she may not ask probing questions about additional sources of income and additional types of expenditure, leading to the same problem. Finally, one can imagine situations where the respondent is not the person most knowledgeable about household income and expenditure (perhaps because the most knowledgeable person is temporarily away) and thus does not report some sources of income and expenditure.
To summarize, the above discussion suggests that any instrumental variable that has a "structural" or "causal" role may tend to underestimate mobility while an instrumental variable based on repeated measurements will tend to overestimate mobility.
The ideal instrument would be a repeated measurement variable for which there is a good argument that its measurement errors are uncorrelated with those of the variable of interest. Anthropometric measurements, particularly those based on weight, are probably the best variables of that type. A final point is that when one has more than one instrumental variable, one can test the assumption that all the instruments are uncorrelated with the (composite) error term using a standard overidentification test (see Davidson and MacKinnon, 1993) .
III. Mobility in Vietnam in the 1990's
A. Background and Data. Vietnam provides an excellent case for studying mobility. In the 1980's, it was one of the poorest countries in the world. During the 1990s, its high rate of GDP growth (8 percent) made it one of the most successful countries in reducing poverty and raising living standards, as explained in the introduction. The reasons for its success are currently under investigation. Despite these achievements, there is concern that the benefits of this economic growth are not being shared by all members of the population (World Bank, 1999) . Glewwe, 1998, 2000) .
The two VNLSS surveys contain a large amount of data on many different topics.
For a full description see World Bank (1995 Bank ( , 2000 . 4 The focus of this paper is on the overall economic welfare of households, particularly the mobility of household welfare over time. In both surveys, the indicator of economic welfare will be per capita household consumption expenditures. Although income data exist, they are likely to be less accurate than expenditures. More importantly, standard economic theory measures individual and household utility in terms of consumption expenditures, not income per se.
However, income data can be useful. In particular, they can be used as an instrumental variable for per capita expenditures.
A final issue to address regarding the data is the number of households in the panel data set, and whether these households are a representative sample of Vietnamese households interviewed in 1992-93. This information is summarized in Table 1 . Of the original sample of 4800 households, all but 96 (2.0%) were selected to be reinterviewed in 1997-98. (The 96 excluded households were all from the Red River Delta regionthey were excluded because the 1997-98 survey oversampled certain regions, and since the Red River Delta was not one of the oversampled regions fewer households were needed from it even though the sample size of the survey increased from 4800 to 6000).
Of the 4704 selected households, 404 (8.4%) were not reinterviewed in 1997-98. More specifically, interviewers were instructed to return to the dwelling that the household inhabited in the 1992-93 survey. If the household had moved within its village, interviewers attempted to find it and complete the interview. If the household moved outside of the village, no attempt was made to reinterview it. If some members moved while others remained in the original dwelling, the interview was done using all the current inhabitants of the original dwelling (both original members and "newcomers").
Thus, of the 4800 households interviewed in 1992-93, 4300 were reinterviewed in 1997-98, which is a retention rate of 89.6%. However, some of the households that remained may have rather tenuous links to the original household. First, one should probably exclude households for which the head has changed and the new head was not a member in the 1992-93 survey. Doing this eliminates 24 households, slightly reducing the retention rate to 89.1%. The remaining 4276 households are the first sample used in this paper. A stricter definition of household retention would require that at least half of the individuals who were members in either 1992-93 or 1997-98 were members in both years. Doing this eliminates another 440 households, which leads to a retention rate of 79.9%. 5 The remaining 3842 households are the second sample used in this paper.
B. Measured Mobility without Correction for Measurement Error.
By definition, mobility measures summarize in a single number the relationship between the distribution of income at two points in time. These numbers do not always have intuitive appeal, so it is also useful to start by depicting mobility in the form of transition matrices. Table 2 presents (relative) transition matrices for Vietnam from 1992-93 to 1997-98, using the VNLSS data. In each year households are grouped by quintiles (poorest 20%, next poorest 20%, etc. up to the wealthiest 20%) to see how frequently they move across these groups. To check for robustne ss, both samples of panel households that were described above are used, one in which households are assumed to be the same if the head in one year was also a household member in the other year, and the other in which at least half of the individuals who were members in either 1992-93 or 1997-98 were members in both years.
The results appear to display a substantial amount of mobility. Only 41% of the population remained in the same quintile in the two years; about 40% moved up or down by one quintile and 19% moved up or down by two or more quintiles. These results are almost identical for the two samples. Thus, ignoring measurement error, one might conclude that the modest increase in inequality in Vietnam in the 1990's is not a major concern because low levels of household expenditures appear to be a temporary phenomenon for many households. In particular, about one half of the population that was in the poorest 20% of the population in 1992-93 was no longer in that bottom quintile in 1997-98.
out of the household during the past five years because all changes were due to births or deaths. Examples are a household with 3 adults in 1992-93 where two had died by 1997-98, and a household with a married couple in 1992-93 who had had three children by 1997-98.
How does this degree of mobility manifest itself in terms of mobility measures based on correlations of functions of the household expenditure variable? This is seen in Table 3 . As long as incomes are not negatively correlated over time, correlations will lie between 0 (complete mobility in the sense that incomes in period 1 and period 2 are uncorrelated) and 1 (no mobility). Thus all mobility measures based on correlation of functions of the income variable will lie between 1 (complete mobility) and 0 (no mobility). The mobility measures in Table 3 range from 0.278 and 0.395, which in general indicates substantial mobility although it is farther from complete mobility than from complete immobility.
The main point of Table 3 is to show how the mobility seen in the transition matrices of Table 2 is measured by these mobility indices. With one exception, the different mobility measures give similar results. Specifically, when one excludes the mobility index based on the correlation of the square of the income the indices range from 0.278 to 0.331. The highest value, 0.395, occurs for the mobility index based on squaring the income variable.
The mobility shown in Tables 2 and 3 is almost certainly overestimated because it ignores measurement error. This issue will be addressed in the next subsection, yet before doing so it is useful to demonstrate that the regression approach is in fact an alternative way to estimate the correlation coefficient. This is seen in Table 4 for the simple correlation coefficient. The first line shows the correlation coefficients for per capita expenditures in the two years for both samples of households, which is simply one minus the associated mobility index given in Table 3 . The second line shows (the OLS estimates of) the parameter β 2 , the "slope" coefficient from a regression of 1992-93 per capita expenditures on 1997-98 per capita expenditures and a constant term. The third line shows the estimate of β 1 , the "slope" coefficient from a regression of 1992-93 per capita expenditures on 1997-98 per capita expenditures and a constant term. The fourth line demonstrates that the square root of the product of the estimates of these two coefficients yields the (estimated) correlation coefficient.
C. Estimates of Mobility Corrected for Measurement Error.
Once suitable instrumental variables are found, estimates of β 1 and β 2 that are free of attenuation bias can be obtained, which can then be used to calculate mobility. This was done for the mobility index 1 -ρ(x, y) for three different types of instrumental variables. The first instrumental variable is simply household income per capita. Household income is collected in a different part of the VNLSS questionnaire than the data used to calculate household expenditures, which reduces (but does not necessarily eliminate) the possibility that random errors in the reporting household expenditures spill over into the household income variable. Of course, household income is likely to be measured with random error as well, but as long as those errors are unrelated to the errors in the expenditure variable it is still a valid instrumental variable.
The first row of Table 5 shows estimates of economic mobility when per capita expenditures are instrumented using household income. As expected, the estimated mobility is much lower than the uncorrected estimates given in Table 3 . The figures in brackets show the IV-corrected estimates as a percentage of the uncorrected estimates.
This figure is 56.0% for the "head-same" sample and 53.8% for the "50% threshold"
sample. Recall from Section II that if measurement errors in income are likely to be positively correlated with measurement errors in expenditures, then these IV estimates will overestimate true mobility. This implies that these estimates can be thought of as upper bounds of the true amount of mobility. Thus nearly half, and perhaps even more than half, of the mobility shown in Table 3 is due to measurement error and is therefore spurious.
Because use of income as an instrumental variable is likely to overestimate mobility, it is useful to estimate mobility is using other plausible instrumental variables.
One possibility is the ownership of basic durable goods, such as televisions, bicycles, motorcycles, vcrs and refrigerators. Household s should make many fewer errors in reporting this information, relative to reporting their income. If they make no errors at all then there can be no correlation between errors in reported income and errors in the ownership of durable goods (because the latter type of error is always equal to zero).
Estimates of mobility that correct for measurement error by using the ownership of durable goods as instrumental variables are reported in the second row of Table 5 . For both samples the reported mobility is even lower than when household income is used as an instrument. Specifically, mobility is estimated to be 0.102 for the "head same" sample and 0.118 for the "50% threshold" sample. Taken at face value, these estimates suggest that almost two thirds of the observed mobility in Vietnam seen in Table 3 is purely due to measurement error in the expenditure variable.
Yet there are conceptual problems with durable goods as an instrumental variable.
First, it is possible that some durable goods are forgotten altogether (or deliberately omitted) during the interview. This could cause positive correlation in the measurement errors of expenditures and of durable goods because the expenditure variable used here includes the estimated "use value" derived from the ownership of durable goods. Such correlation would lead to overestimation of mobility. Second, and more seriously, even if there were no measurement error in durable goods it is possible that this instrument is correlated with the u terms in equations (4) and (5). Because durable goods by definition last a long time, their production of "use value" in both time periods is similar to the impact of using causal variables as instruments. Thus these variables will tend to be positively correlated with the u terms and thus will tend to underestimate true mobility.
The validity of durable goods as instrumental variables was checked using overidentification tests for the regressions corresponding to equations (4) and (5). This is possible because there were six durable goods used as instruments (color televisions, black and white televisions, bicycles, motorbikes, vcr's and refrigerators). The results are shown in the third and fourth rows of Table 5 . The overidentification tests strongly reject the assumptio n that the instrumental variables are uncorrelated with the composite error terms in equations (6) and (7), so the estimates of mobility based on durable goods as instrumental variables must be discarded.
A final instrumental variable considered in this paper is the average body mass index (BMI) of adults age 18 and over. The VNLSS survey collected height and weight information from all household members. This can be used to calculate the BMI of each adult, which is defined as the weight of an individual (in kilograms) divided by the square of his or her height (in meters). Very simply, this indicates how "heavy" a person is given his or her height. Poorer individuals have leaner diets and thus are less heavy. The key advantage of BMI is that any measurement errors in it are extremely unlikely to be correlated with measurement errors in household expenditures. First, this information was not collected by the interviewer who filled out the household questionnaire but The fifth row of Table 5 provides estimates of the mobility index 1 -ρ(y 1 , y 2 ) using household BMI (averaged over all adult household members) as an instrumental variable. Mobility is estimated at 0.121 for the "head same" sample and 0.101 for the "50% threshold sample". As explained in the previous paragraph, this is a lower bound on true value of mobility. Combining it with the upper bound given when using per capita consumption as an instrumental variable, it seems that true mobility is somewhere between 0.34 and 0.56 of the mobility measured without correcting for measurement error.
As a final check on the regression results obtained from using household income and BMI as instrumental variables, both were used as instruments. The results are shown in the last three rows of Table 5 . Predicted mobility is slightly lower than it was when income alone was used. More interestingly, because there are two instrumental variables one can test the exclusion restrictions using an overidentification test. In contrast to the case where durable goods were used, this specification easily passes the overidentification test in three of four cases, and in the fourth case the hypothesis that the instruments are no correlated with the compound error term can be rejected only at the 10% level. These estimates suggest that about one half of measured mobility is spurious, which implies that true mobility is much lower than seen in Tables 2 and 3 .
IV. Conclusion
Vietnam's rapid economic growth and relatively stable distribution of income suggest that all socioeconomic groups are benefiting from the booming Vietnamese economy. Moreover, simple calculations using panel data suggest that there is a large amount of economic mobility within Vietnam, which is appealing because it suggests that the long-run distribution of income is more equal than the distribution at any given point in time. However, such estimates of mobility may well overestimate true mobility because there is a large amount of measurement error in the data.
This paper applies a simple method to estimate economic mobility that corrects for bias caused by measurement error in the variable of interest. When applied to the data from Vietnam it shows that almost one half, and perhaps eve n more, of economic mobility is an artifact of measurement error and is thus illusory. This implies that
Vietnam's worries about increasing inequality cannot be dismissed by pointing to high economic mobility, because such mobility is much lower than simple calculations suggest. Given the Vietnamese government's desire to minimize increases in inequality as economic growth continues, efforts to keep inequality from increasing must be on the forefront of the government's agenda. 
